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Satellite Earth Observations (EO) data were traditionally used
in mapping earth’s surface features and resources, particularly
geological and hydrological, and in monitoring large-scale
weather phenomena. The data were mainly obtained from opti-
cal and infrared sensors at spatial resolutions of 10–1000 m.
During the past three decades more sensors with advanced
capabilities were introduced, along with more powerful data
processing techniques to retrieve geophysical parameters
from the data. These developments have marked new trends
in the sensor characteristics, data processing, applications
scope and the high end use of the data in modeling geophysical
phenomena. Acquisitions and applications of data in Egypt
have to be further developed in order to make best uses of these
developments.
The EO data applications in Egypt should expand horizon-
tally and vertically. Horizontal expansion entails broadening
the range of applications by using more sensors and promoting
synergistic data uses from different sensors. Vertical expansion
entails developing more sophisticated applications of retrieving
geophysical parameters and employing them in modeling geo-
physical phenomena.
This paper highlights a few modern trends of EO data and
processing issues that can potentially advance the applications
in Egypt and the region of the Middle East and North Africa
(MENA). Section 2 includes brief mentioning of relatively new
sensors with their potential applications. Section 3 addresses
the issue of data archiving, while Section 4 addresses brieﬂy
the concept and importance of post-launch sensor’s calibra-
tion. Section 5 highlights the concept of geophysical parameter
retrieval and Section 6 introduces the concept of the holistic
view of EO data applications. The use of EO data to support
modeling geophysical phenomena, namely the data assimila-
tion approach, is discussed in Section 7 and a need to pursue
regional applications is outlined in Section 8.2. Modern sensors and potential applications
During the past three decades optical and infrared sensors of
narrower bandwidth were developed. Narrow bandwidth
channels can identify surface cover more accurately and dis-
criminate between small-scale features. These sensors can be
branded as multispectral (featuring typically a few to a few
tens of spectral channels) or hyperspectral (featuring typically
200 or more channels). For example the multispectral Moder-
ate Resolution Imaging Spectroradiometer (MODIS) onboard
NASA’s platforms Terra (launched in 1999) and Aqua
(launched 2002) has 36 spectral bands with typical bandwidth
of a few tens of nanometers (nm). Such narrow bandwidthallows retrieval of parameters such as pigment concentration,
Photosynthetic Active radiation (PAR), and ocean primary
productivity.
Multispectral sensors with narrow bandwidth channels al-
low retrieval of parameters such as atmospherically corrected
surface reﬂectance. That is because the more available channels
the better chance to correct for atmospheric inﬂuences. It also
allows (to some extent) identiﬁcation of ﬁne particles such as
aerosol, atmospheric gases, phytoplankton, and sediments in
water bodies. NASA provides maps of these parameters at glo-
bal and regional scales, calculated from MODIS observations.
Most of the algorithms for estimating these parameters are also
available for downloading by users. The Egyptian EO commu-
nity should use some of these algorithms and adjust a few of
them to suite Egypt’s regional environmental conditions.
Hyperspectral sensors are extension of multispectral sensors
but with contiguous spectral channels. Civilian satellite-borne
hyperspectral imagery sensors are less than 10-year-old. They
usually feature more than 200 channels distributed over the vis-
ible and near-infrared (VNIR) and short-wave infrared
(AWIR) range with spectral resolution 5–15 nm. Hyperspectral
data identify surface cover using its spectral signature, as op-
posed to typical values obtained from a limited number of spec-
tral channels as in case of multispectral (Fig. 1). This results in
more accurate identiﬁcation of the surface and its physical
properties.
Currently, the only operating spaceborne hyperspectral sen-
sor is the NASA’s Hyperion onboard EO-1 satellite (Pearlman
et al., 2003). It has exceeded its lifetime but its operation has
been extended. It offers 220 bands between 400 and 2500 nm
at 10 nm spectral resolution. Other sensors under development
include: (1) the German EnMAP, scheduled for launch in 2013
(Kaufmann et al., 2006), with its 94 channels over the spectral
range 430–1000 nm, and155 channels over the range 900–
2450 nm, and (2) the South Africa’s MSMI, scheduled for
launch in 2012 (Schoonwinkel et al., 2005 and Mutanaga
et al., 2009), with its 200 channels over the range 400–
2350 nm (10 nm bandwidth). A review of these sensors and
their potential applications is presented in Buckingham and
Staenz (2008). Applications of hyperspectral data are found
in the ﬁelds of agriculture, geology, mineralogy, water re-
sources, urban area management, and marine environment
monitoring.
Identiﬁcation of geophysical and biophysical objects in
hyperspectral imagery data requires a pre-establishment of a
database of ‘‘hyperspectral signatures’’ of possible objects (as
shown in Fig. 1). This is followed by a search technique to
match the observed signature with the closet signature in the
library. A library of geological material spectral signatures is
available in the US Geological Survey (USGS) website
speclab.cr.usgs.gov.
Figure 1 Difference between hyperspectral and multispectral capabilities of surface identiﬁcation.
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particularly important for arid region applications because it
penetrates relatively deeply into dry surfaces. The penetration
depth depends on the frequency of the incident radar signal
and the dryness on the surface. The penetration depth of the
C-band radar (wavelength 5.4 cm) varies between a few
centimeters to a few tens of centimeters, depending on the dry-
ness, while the L-band (wavelength around 20 cm) penetrates
more. Currently C-band SAR is operational on the Canadian
Radarsat-1 and Radarsat-2 satellites, and the European
ENVISAT satellite, while the L-band SAR is operational on
the Japanese ALOS satellite (though the satellite was an-
nounced lost in May 2011). Attempts to build a capacity for
using SAR in applications in Egypt were undertaken in the
past decade but it is recommended to pursue more quantitative
applications with this sensor.
Two modern features of this sensor have become opera-
tional recently: SAR polarimetry and interferometry. The for-
mer allows the sensor to acquire observations from multi
polarization channels. This enhances the possibility of retriev-
ing surface parameters from the data. Remarkable examples
include soil moisture and roughness. The later allows retrieval
of the elevation of the surface in what is known as digital ele-
vation models (DEMs). It also allows measuring surface defor-Figure 2a Deployed Tarp target and its Kmation following earthquakes or long term sucking water, oil
or gas from underground. Modern SAR on Radarsat-2 oper-
ates in ﬁne resolution modes (3 m spatial resolution). This al-
lows applications that have not been possible before such as
ship identiﬁcation and marine surveillance. Once again, it is
recommended to pursue training, experimentations and appli-
cations of data from SAR with these modern features.3. Data archive
The growing number of EO satellites with their large variety of
sensors is producing exponential increase in the amount of
data available for use. However, not all data can ﬁnd immedi-
ate applications in every region. For this and other reasons a
national archive of EO data from as many sensors as possible
should be a priority issue. This can be developed following the
model of the data archive system of EgyptSat-1.
It is true that users can access EO data directly from ven-
dors or relevant space agencies but this can be acquired
through an accepted proposal or at a price. However, a na-
tional archive allows easier accessibility and therefore better
opportunities for researchers to experiment with analysis
methods that have not been matured to qualify for a successfulOMPSAT-2 image at October 1, 2006.
Figure 2b Night lamp and KOMPSAT-2 image on February 27,
2007.
4 M. Shokrproposal. In other words, it will encourage researchers to
become more familiar with the data and hence be able to devel-
op new applications.
The EO data contain valuable information that should be
valued even if the current scope of applications does not war-
rant an immediate use of the data. Hence, satellite image
acquisition should not be limited only to cases when there is
a clear application that justiﬁes the need for the data (e.g. an
operational requirement or an economically-driven project).
A national EO data archive system will satisfy this concept,
i.e. it will make data available for possible future needs regard-
less of the immediate needs. It will also foster the growth of a
users’ community since data will be available for research at
minimum or no cost. That will consequently nurture a culture
that values EO data. This is important at all levels from grade
students to senior decision makers.
Moreover, some future applications may require long-term
observations. This is more likely the case for studies on cli-
mate-related or long-term environmental monitoring, which
typically require time-series data spanning 20 years and more.
It will be useful in this case to access data from a national ar-
chive that contains regional observations from as many sen-
sors as possible. In addition, long-term and consistent EO
data sets enable scientists to identify signiﬁcant trends and pat-
terns in the data. This particular application aspect is yet to be
emphasized in EO applications in Egypt.
The large amount of the recently available EO missions and
data volumes, together with the increased demands from the
scientiﬁc user community, have motivated space agencies and
EO space data providers to establish coherent archive systems
with optimum availability and accessibility of the different
data and products. Some of those agencies pursued coopera-
tion and policies of data sharing to reduce the cost of data ar-
chive. Such a cooperative and harmonized collective approach
can also be pursued between different agencies within Egypt or
with other agencies in neighboring countries.
Technical details of a data archive system should include a
browser to help the users identify the time and location of the
required images, a format ready for image display, a capability
for geometric and radiometric corrections and a network to
ensure fast accessibility. It is also necessary to archive derived
parameters such as surface temperature or wind speed, not just
the raw radiometric values. The users can then use those
parameters directly in their projects.4. Post-launch sensor calibration
Satellite EO data are often offered as images with digital num-
bers (DN) usually in 8-bit gray levels (0–255). Those values are
produced from the original radiometric observations at the
ground receiving station. In this case the original radiometric
measurements are mapped into the gray scale (usually non-lin-
early), then enhanced in order to make images more appealing
for visual analysis. Such images are suitable for image analysis
to identify geometric features, objects and classify different
surfaces in the imaged scene.
However, in order to retrieve geophysical parameters from
the data (see Section 5), radiometrically-calibrated values, not
just grey-tone DN values, must be used. These values represent
the actual emitted or reﬂected radiation measured by the sen-
sor from the pertinent pixel on the ground. They are functionsof the physical, optical, thermal and electrical properties of the
composite material in the observed ground pixel (footprint) as
well as the atmospheric path from the pixel to the sensor. In
addition to the received radiation, the sensors’ output is also
affected by electrical noise generated by the sensor’s electron-
ics, atmospheric effects (scattering, absorption and emission)
and the viewing geometry of the sensor (e.g. sun and satellite
zenith angles). When all those factors are accounted for, the
product is considered radiometrically-calibrated. The values
are function of the ground target properties only (e.g. surface
temperature, moisture, salinity, roughness, emissivity, reﬂec-
tivity, etc.). Only then, those properties can be retrieved inver-
sely from the calibrated radiometric values.
Calibration is achieved at two stages: pre-launch and post-
launch. Pre-launch calibration accounts for the electronic noise
generated inside the sensor. It is performed in a laboratory. Post-
launch calibration accounts for any drift from the pre-launch
calibration. This can be achieved by placing ground targets of
known reﬂected or emitted radiation (depending on whether
the calibrated sensor is an optical or infrared) at predetermined
location on the earth’s surface and record the radiation by the
sensor. Correction can then be applied to ensure that the mea-
sured radiation coincides with the actual radiation. Locations
of the targets are selected such that the radiation should contrast
sharply with the surrounding ground cover. Two examples of
calibrating targets are shown in Fig. 2a and b (adapted from
the post-launch calibration approach of the Korean satellite
KompSAT-2). In the ﬁrst, tarp targets are used and in the sec-
ond night lamps are used. Other targets can also be used. It
should be noted that calibration can proceed using this arrange-
ment if there is no atmospheric inﬂuence on the observed data,
i.e. under clear sky. Considerations for post-launch calibration
are presented in Jackson (2004).
As mentioned before, a calibrated observation can be used
to identify the target because it is a function of the physical,
optical, thermal and electrical properties of the target. If that
is the purpose, then two other inﬂuences on the observed radi-
ation must be accounted for. In some literature they are con-
sidered part of the calibration while in others they are just
deﬁned as correction schemes.
The ﬁrst is due to atmospheric inﬂuences (i.e. the scattered
and emitted radiation by the atmosphere) and the second is
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spect to pixel’s location on the ground (i.e. due to the different
combination of the sensor’s incidence angle, earth’s geode and
surface elevation at each pixel). This causes different pixels
across the swath of the satellite to receive different energy from
the sun. The corrections for these two inﬂuences are known as
atmospheric correction (Kondratiev et al., 1992) and viewing-
geometry correction, respectively. The underlying theme be-
hind the later is to ensure that observed radiation from each
pixel across the swath is the response of the pixel to exactly
the same amount of incident radiation. Hence, that response
becomes a sole function of the surface properties of the pixel.
Corrections for atmospheric and sensor’s viewing-geometry
are usually implemented by the users thought they can also
be offered by the data provider. It is recommended to develop
a capability for atmospheric correction to serve the wide vari-
ety of EO applications in Egypt.
Another approach that can be used to calibrate the data in
post-launch phase involves predicting the radiance at the top
of the atmosphere (TOA) (also called ‘‘at-sensor’’ radiance)
for each spectral band using a Radiative Transfer Model
(RTM) (Natsuyama et al., 1998). The model starts with an esti-
mate of the surface radiation based on key radiometric param-
eters such emissivity and albedo as well as and a few physical
properties. Calculations then propagate through layers in the
atmosphere taking into account all the radiometric processes
in each layer; namely absorption, scattering and emission.
Physical and radiometric properties of atmospheric constitu-
ents at each layer are required for this process. They are usu-
ally obtained either from near-real-time meteorological data
or from climatic records. The calculated radiance at the
TOA can then be compared to the measured radiance from
the satellite and accordingly a calibration equation can be
developed. This approach is recommended for use to calibrate
future sensors in the Egyptian space program provided that a
progress is made in using RTM.
5. Retrieval of geophysical parameters from EO data
Traditional applications of remote sensing data in Egypt have
revolved around mapping geological, hydrological, environ-Table 1 A sample of MODIS products (geophysical parameters re
Short name Platform MODIS product
MOD09GA Terra Surface reﬂectance bands 1–7
MOD09GQ Terra Surface reﬂectance bands 1–2
MYD09Q1 Aqua Surface reﬂectance bands 1–2
MOD13A1 Terra Vegetation indices
MOD13A3 Terra Vegetation indices
MOD44W Terra Land water mask derived
MOD11_L2 Terra Land surface temperature and emissi
MYD11A2 Aqua Land surface temperature and emissi
MOD14 Terra Thermal anomalies and ﬁre
MYD14A2 Aqua Thermal anomalies and ﬁre
MCD15A2 Combined Leaf area index – FPAR
MOD17A2 Terra Gross primary productivity
MCD43A3 Combined Albedo
MCD43A1 Combined BRDF-Albedo model parameters
MOD12Q1 Terra Land cover type
MCD12Q1 Combined Land cover typemental, and land-cover features in imagery data. Change
detection is also a major application theme (Salem et al.,
1995 and Kaiser, 2009). For that purpose non-calibrated satel-
lite remote sensing images, as opposed to calibrated radiation
measurements, are often used and the features/parameters are
usually retrieved using visual interpretation of images or digi-
tal image processing techniques (Richards and Jia, 2006) avail-
able through commercial software packages. Visual image
interpretation is particularly common in geological applica-
tions (e.g. Ramadan and Abdel Fattah, 2010).
However, new applications have emerged recently to utilize
the new capabilities and available products from recent satel-
lite EO data. Their theme revolves around the retrieval of geo-
physical parameters from the data. Many of those parameters
are readily available as products from space agencies (e.g.
NASA and ESA) that operate EO satellite programs. A deﬁni-
tion of geophysical parameter retrieval is introduced, followed
by brief description of a few recent applications that have al-
ready emerged in Egypt.
Geophysical parameter retrieval refers to using satellite
observations to recover the surface or atmospheric parameters
that contribute to the observations. For example, thermal
infrared observations from 11 to 12 lm channels can be used
to retrieve surface temperature. Radar backscatter over ocean,
which is a strong function of the water surface roughness, can
be used to retrieve surface wind speed. Reﬂection in certain
optical narrow bands can be used to retrieve the optical depth
of aerosol. Microwave radiation in certain bands can be used
to retrieve soil moisture in vegetation-free areas.
Modern sensors were designed to facilitate retrieval of geo-
physical parameters. For example, both MODIS onboard Ter-
ra and Aqua satellites along with its European equivalent, the
Medium-Spectral Resolution Imaging Spectrometer (MERIS)
onboard ENVISAT satellite, have been used to retrieve many
parameters of land, water and atmosphere. Table 1 includes a
short sample of the land parameters produced from MODIS
observations, with the product’s identiﬁcation and its spatial
and temporal resolution. These products are made available
to users. Note the availability of the same parameter at
different spatial and temporal resolutions. Ocean parameters
from MODIS also include chlorophyll concentration,trieval).
Raster type Res (m) Temporal granularity
Tile 500/1000 m Daily
Tile 250 m Daily
Tile 250 m 8 days
Tile 500 m 16 days
Tile 1000 m Monthly
Tile 250 m None
vity Swath 1000 m 5 mins
vity Tile 1000 m 8 days
Swath 1000 m 5 mins
Tile 1000 m 8 days
Tile 1000 m 8 days
Tile 1000 m 8 days
Tile 500 m 16 days
Tile 500 m 16 days
Tile 1000 m Yearly
Tile 500 m Yearly
Figure 3 Deﬁnitions of shortwave and longwave radiation components used in Eq. (2).
6 M. Shokrphytoplankton absorption coefﬁcient, sea surface temperature,
whitecap radiance, normalized water-leaving radiance, and
more. In addition to land and ocean measurements, thermal
infrared bands on MODIS and MERIS are used to provide
measurements of radiance from clouds and atmosphere. These
allow retrieval of the distribution and concentration of atmo-
spheric gases such as carbon dioxide (CO2), moisture (H2O),
and ozone (O3) and water vapor. Carbon dioxide is a key
parameter that has to be monitored over large cities in Egypt.
A few studies have been recently completed in Egypt to uti-
lize the capability of EO data in retrieving geophysical param-
eters. Nasr et al. (2007) studies the impact of anthropogenic
activities on sea water quality in the Red Sea coastal area using
a few parameters derived from MODIS observations. This in-
cludes Chlorophyll-a concentration (Chl-a), total suspended
matter (TSM), and sea surface temperature (SST). The re-
trieved parameters were validated through ﬁeld measurements
from different locations representing different coastal water
environments. The derived estimates and the concurrent bio-
optical in-situ measurements were found to be correlated.
However, TSM estimates needed an offset to match the mea-
surements. This signiﬁes the importance of validating the
retrieved parameters because some of the coefﬁcients used in
the retrieval algorithms may need adjustments for local
applications.Figure 4 Evapotranspiration estimates over the northern part of the N
parameters using SEBAL model. The evapotranspiration rate is overlRate of evapotranspiration is another example of a re-
trieved physical parameter from satellite observations. Energy
available for evapotranspiration is the latent heat ﬂux, which is
calculated from the surface energy balance equation:
LH ¼ NR SHGH ð1Þ
where LH is the latent heat ﬂux, NR is the net radiation ﬂux,
SH is the sensible heat ﬂux, and GH is the soil heat ﬂux
through the plant. All terms are in W/m2. NR is deﬁned
through the surface radiation balance equation
NR ¼ RS # aRS # þRL # ð1 0ÞRL # RLj ð2Þ
where a is the broadband surface albedo and e0 is the surface
emissivity. These two parameters are obtained from satellite
observations. Deﬁnitions of the rest of the parameters and
the meaning of each term are presented in Fig. 3. SH can be
estimates using wind speed, surface roughness and surface to
air temperature difference. These parameters cannot be
obtained from satellite observations. GH can be empirically
calculated as a fraction (GH/NR), using a vegetation index,
surface temperature, and surface albedo, which are all
satellite-driven parameters. The 24 hr latent heat can be deter-
mined from Eq. (1) using the satellite observations mentioned
above. Since this parameter is the multiplication of the mass of
water vapor times the latent heat of water vaporizationile Wadi and Delta, estimated from LANDSAT derived radiation
aid on AVHRR false color image at resolution 1.1 km.
Potential directions for applications of satellite earth observations data in Egypt 7(2258 kJ kg1), then the mass of water vapor over 24 hr period
can then be determined, and subsequently the evapotranspira-
tion rate can be estimated.
The above model was developed by Bastiaanssen et al.
(1998) for use in Egypt. It is called Surface Energy Balance
Algorithm for Land (SEBAL). It was later applied in other
parts of the world including USA, South Africa and China
(Sun et al., 2011). Results of evapotranspiration rate in August
1999 over the Nile delta region, overlaid on AVHRR false col-
or image are shown in Fig. 4. Abou El-Magd (2009) used this
model, along with other parameters derived from Landsat to
retrieve the Single Crop Coefﬁcient, a ratio of actual evapo-
transpiration and grass/alfalfa reference evapotranspiration.
This is an important parameter for determining allocation of
irrigation water for different crops at different growth stages.
Other studies of geophysical parameter retrieval by Egyp-
tian institutions include retrieval of leaf area index from SPOT
4 data (Aboelghar et al., 2010), desertiﬁcation sensitivity indi-
ces (Aﬁﬁ et al., 2010), and soil salinity mapping (Madani, 2005,
and Ghabour and Labib, 2010). Major challenges of using
remote sensing to retrieve soil salinity are presented in Metter-
nicht and Zinck (2003).
Retrieval of geophysical parameters can be achieved using
different approaches. The simplest one is by using empirical
regression models (linear or non-linear) that relate the cali-
brated radiometric observations to the surface parameters that
affect the observations. This was the ﬁrst and most common
approach in the early days of satellite data applications
(1980s and early 1990s). Researchers developed these relations
using in-situmeasurements of the relevant parameters or (in less
frequent cases) by estimating those parameters from other re-
mote sensors. Once the relation is established it can be applied
inversely to retrieve the parameters from the observations.
This simple approach, however, is not robust due to several
reasons. The most critical is the assumption that the point
measurement of the parameter in the ﬁeld is supposed to rep-
resent a homogeneous distribution of that parameter over the
entire footprint of the sensor. Many sensors have large foot-
print (hundreds of square meters or a few square kilometers),
which are almost always associated with heterogeneous surface
cover. The assumption, consequently, does not hold. However,
this approach has a merit as an educational tool to understand
the parameters that trigger the radiometric observations, their
relative weight and their complex interactions that contribute
to the single observation. At this stage it is recommended to
pursue this approach more often in applications in Egypt
particularly when using data from new satellites such as Egypt-Figure 5 Optical properties that leadSat-1. It will help in developing better understanding of satel-
lite measurements.
Retrieval algorithms can also be based on some useful radi-
ative properties of the target. The estimation of a vegetation
index (an indicator of the ‘‘greenness’’ or health of the plant)
is an example. Healthy green plant leaves reﬂect small value
in the red spectral band while unhealthy yellow or red leaves
reﬂect much higher value. All leafs (healthy or unhealthy) re-
ﬂect more-or-less same value in the near-infrared band. Hence
the difference between the calibrated radiation from the near-
infrared and the red channels is an indicator of the vegetation
health (Fig. 5). Same concept is used to retrieve surface tem-
perature from two thermal infrared channels at 11 and
12 lm wavelength since both are functions of surface temper-
ature but their difference eliminates atmospheric effects.
The challenge in retrieving geophysical parameters from
EO data is that each observation from a given spectral channel
is usually affected by several parameters of both the surface
and the atmosphere. Under certain surface/or atmospheric
conditions it is difﬁcult to separate the two inﬂuences. Even
if the atmospheric effects are removed, the number of active
surface parameters usually remains higher than the number
of the observations from a multi-channel sensor. This means
that the number of observations is usually not enough to esti-
mate the parameters that contribute to the observations. For
example, it is not possible to retrieve soil moisture from a
single-channel radar observation because it is inﬂuenced also
by surface roughness as well. Similarly, it is not possible to re-
trieve aerosol optical depth from an optical channel because it
is also inﬂuenced by the surface emissivity. One approach to
overcome this difﬁculty is by using a radiative transfer model
(RTM).
As mentioned in Section 4, RTM calculates the radiation at
the TOA as it originates from the surface and progresses
through predeﬁned layers of the atmosphere. Sometimes the
surface is also separated into layers to account for different
material (e.g. if rocks are overlaid by sand or vegetation are
on top of soil). The ﬁrst step in a RTM is to calculate the radi-
ation from the surface the using its physical composition and
properties (e.g. emissivity, temperature, moisture, roughness,
salinity, etc.). Then calculations proceed through atmospheric
layers assuming a composition and physical properties of each
layer (e.g. humidity, temperature, clouds properties, gas con-
stituents and their concentrations, etc.). The calculations prop-
agate throughout all atmospheric layers up to the TOA.
Parameters retrieval from EO data using RTM involves
two steps. The ﬁrst is about establishing a database of theto retrieval of a vegetation index.
8 M. Shokrradiation given all possible combinations of surface parame-
ters (e.g. surface emissivity, temperature, canopy type, etc.)
and all possible situations atmospheric conditions (cloud
types, humidity, temperature proﬁles, gas constituents etc.).
The possible atmospheric conditions can be deﬁned from re-
gional climatological records. If the atmospheric conditions
are known at the time of satellite observations they can be used
directly in the RTM model. Any value in the database repre-
sents what the sensor measures for the given combination of
surface and atmospheric parameters. The second step is about
comparing the calibrated observation against the values in the
database. The value that is closest to the observation is se-
lected. The set of surface and atmospheric parameters that
produce this particular value is the desired answer. This
approach has been used in many applications including
retrieval of soil properties when it is complicated by the pres-
ence of a plant canopy or aerosol optical depth when it is com-
plicated by an unknown underlying surface cover of unknown
emissivity.
An iterative approach can also be used where a simulated
observation is calculated from an RTM assuming a certain va-
lue of the target parameter and the deviation from the actual
observation is calculated. Then iterations continue by adjust-
ing (correcting) the assumed value until the deviation reaches
an acceptable minimum. More familiarity and applications
of RTMs is recommended to advance the applications of EO
data in Egypt.6. A holistic view of EO data applications
One of the modern trends of EO data applications is combin-
ing different sets of nearly simultaneous observations from
different sensors on the same or different satellites to study
and monitor parameters related to global or regional phenom-
ena. This provides a holistic view of the earth system with its
interactive components of solid surface, water, clouds, and
atmosphere. This is also the core capability of the earth obser-
vation programs undertaking by major space agencies (e.g.
NASA and ESA). Scientiﬁc understanding of the earth system
is fundamental for well informed decision making even at a
local level.
Towards this goal, satellite platforms such as Terra and
Aqua (NASA) as well as Envisat (ESA) carry a synergisticFigure 6 NASA’s A-Train satellite series to simultaneously meas
www.csc.gallaudet.edu/soarhigh/A-TrainExplain.html).instrument payload that measures a desired combination of
surface and atmospheric parameters. This has provided data
to further our understanding of interactions between elements
of the earth’s system. For example, instruments on each of
these platforms measure water in its gaseous, liquid, and solid
forms, plus atmospheric and surface temperatures, land and
ocean vegetation, and many other aspects of the global climate
system. That is how the data can play an invaluable role in
advancing our understanding of the earth system and develop-
ing capabilities to monitor its evolution under climate change.
Most recently, a series of six satellites, called A-Train,
launched by NASA have been put in orbit with different but
complementary missions in order to gain a better understand-
ing of important parameters that govern climate (Fig. 6). The
synergistic and coordinated measurements provide comprehen-
sive information about land cover, atmospheric constituents,
air quality, ozone, carbon dioxide, aerosol radiative properties,
clouds, and oceanic state. It is not necessary to employ data
from the A-Train in applications in Egypt but it may be neces-
sary to employ the concept of acquiring nearly coincident data
sets from different sensors and integrating them to enrich the
synoptic context of the applications, i.e. to allow estimation
of all parameters that contribute to a given phenomenon.
This approach allows better understanding of coupled phe-
nomena that compromise human activities combined with geo-
physical processes. For example, it helps in identifying the
interaction between landscaping and air quality over urban
areas or between human activities and aerosol formation and
dispersion. It also enables studies of radiation ﬂuxes from
the sun and from the earth that combine to constitute the
earth’s radiation balance. Moreover it allows studying effect
of aerosols on regional climate. In general, a holistic view of
EO data applications by integrating coincident data from dif-
ferent sensors helps to support a few cross-cutting themes such
as hydrologic cycle, carbon cycle, and global warming. Com-
bining information from several sources of satellite data gives
a more complete answer to many questions that would other-
wise not be possible from any single source.
Applications of EO data in Egypt at this front have yet to
be developed to make a contribution to the international com-
munity of EO. So far the applications have typically operated
in isolation from one another despite the fact that they do
interact and overlap. For example, land cover applications
overlap with marine applications when nutrients from landure atmospheric and surface parameters (adapted from http://
Figure 7 Error accumulation in the solution of equation [x + 0.05 x + x3 = 7.5 cos (t)] using a set of initial conditions and another
set deviated by 0.3% (left); and the same initial conditions and another set deviated by 0.6% (right). The error resulting from the deviated
initial condition (dashed line) accumulates faster in the second case as indicated, for example, by the shown arrow.
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growth of marine organisms. Geological applications overlap
with climate applications through erosion of surface material
and hence generation of a dynamic spatial distribution of sur-
face albedo and emitted radiation. Hydrology applications
overlap with agriculture and climatic applications through
water cycle: from soil moisture to evapotranspiration to atmo-
spheric water vapor and ﬁnally rainfall.
7. EO data assimilation to support modeling geophysical
phenomena
Data assimilation (DA) refers to integration of real-time or
near-real-time data with output from a geophysical model to
minimize inherent sources of error in mathematical modeling.
The model is a set of differential equation that describes the
phenomenon (e.g. weather, climate, pollutant dispersion,
hydrological cycle, etc.). The equations have to be solved
numerically. The modeling approach suffers from three
sources of error: (1) inherent assumptions in the equations that
might violate physics, (2) numerical solution at grid points
rather than continuous domain, and (3) inaccurate initial or
boundary conditions.
An example of the effect of accuracy of initial conditions on
the solution is illustrated graphically in Fig. 7. The ﬁgure shows
the time evolution of the numerical solution of the equation
[x + 0.05 x + x3 = 7.5 cos (t)] using a set of initial condi-
tions (xo = 3.0 and (dx/dt)o = 4.0). This is shown by the solid
lines. In each ﬁgure, an error in initial conditions is introduced:
0.3% (left graph) and 0.6% (right graph). The solution with the
erroneous initial conditions is shown by the dashed lines. It can
be seen that the 0.6% error in initial conditions leads to larger
deviation of the solution at a faster rate. This is clear when com-
paring the deviation of the solution at the arrow location (at
time t= 25) in the two graphs. After certain time the solution
becomes too inaccurate to be acceptable.
Recall that in numerical solutions, the output at each time
step becomes an initial condition (input) for the solution at the
next time step. Hence the error introduced in the initialconditions continues to generate larger errors in the solution
as time progresses. To avoid this accumulation the initial con-
ditions must be corrected at selected time steps. This is the es-
sence of the DA approach.
In the terminology of DA for weather models the model’s
output of the state variables at any time step is called
‘‘background’’. The DA approach corrects the error in the
‘‘background’’ based on real time ‘‘observations’’ of the state
variables at selected time steps. Those observations can be ob-
tained from satellite remote sensing data. Examples of such
observations for a weather model include temperature, humid-
ity, and wind speed. The correction is performed by ‘‘assimilat-
ing’’ the observations and the background in an optimal
mathematical scheme. The corrected output is called ‘‘analy-
sis’’. This becomes the new initial conditions for the solution
of the model’s equations at subsequent time steps.
According to the above description, data assimilation may
be viewed as a method of interfering with the model’s results
(background) at a ﬁxed time step in order to ensure that they
‘‘somehow’’ agree with the real-world observation. It should
be noted that neither the model’s output nor the EO observa-
tions represent the ‘‘truth’’. Each set has its own sources of er-
ror. The accuracy of each data set is determined through a set
of variance and co-variance matrices of the parameters in-
volved in time and space. These matrices, also called error
covariance matrices, are an essential input to the data DA
scheme. The resulting ‘‘analysis’’ from the DA should is
presumably closer to the truth than the ‘‘background’’ state
or the assimilated ‘‘observations’’.
The optimal scheme of the DA accounts for the stochastic
accuracy of each data set (i.e. the background and the observa-
tions) using the error covariance matrices. It also involves min-
imization of a ‘‘cost function.’’ A typical cost function would
be the sum of the squared deviations of the ‘‘analysis’’ values
from the observations weighted by the accuracy of the obser-
vations, plus the sum of the squared deviations of the back-
ground values weighted by the accuracy of the background.
Between these two ‘‘erroneous’’ data sets (the background
and the observations), the one that is more accurate should
Cost function: 
Search for values of 
state variables that 
minimizes the cost 
function  
Input initial conditions of state 
variables 
Run the geophysical model: 
Weather, climate, soil, hydrology, etc. 
Another possibility: 
Assimilate observations 
instead of the derived 
parameters. 
A forward model: to 
determine the satellite 
Model’s output -state variables: e.g. 
temperature, humidity, salinity,  etc.  
Derived parameters from satellite 
observations (temperature, … etc.) 
Found the 
solution?
Yes No 
Try another set of state 
variables in the cost function
Optimal state variables 
Corrected model’s output 
(analysis)
Co-variance of the error in 
calculated state variables: 
(background error covariance)
Co-variance of the error in the 
derived parameters 
Co-variance of the 
observation error 
Figure 8 Flow chart of a data assimilation system. The model results and the satellite observations, along with their covariance statistics
are fed into the cost function. The solution is the set that minimizes that function.
10 M. Shokrbe given more weight in the system. This has the effect of mak-
ing sure that the ‘‘analysis’’ does not drift too far away from
the more reliable set.
Fig. 8 is a ﬂow chart of a data assimilation system. The in-
put to cost function include: (1) the model’s output of the state
variables (the background) along with their error covariance
matrix, (2) the same variables retrieved from the satellite obser-
vations along with their error covariance matrix. Instead of
assimilating the variables derived from the EO data, it is also
possible to assimilate the EO observations directly. This option
is shown in the dotted boxes of the ﬁgure. In this case a
forward radiative transfer model that calculates simulated
satellite observations for a given set of surface parameters
(including the state variables) is required. The search for the
parameter values that minimize the cost function should
proceed. The values are in fact the required answer (i.e. the‘‘analysis’’). As mentioned above, these become the new initial
values for the subsequent run of the model.
As mentioned above, the essence of the DA approach is the
assimilation of the ‘‘observations’’ into the ‘‘background’’.
This can be achieved by using a few approaches that vary in
their range of complexity. At the simplest level, a direct
replacement of the background by the observation can be
implemented through a technique called ‘‘nudging’’. At a more
sophisticated level a criterion of minimization of the error be-
tween the observation and the truth plus the error between the
background and the truth can be used. This can be achieved
directly by calculating gradients and set their summation to
zero (the optimal interpolation technique) or ﬁnding the min-
imum of a coast function (variation techniques) as shown in
Fig. 8. A review of those techniques is presented in Lahoz
et al. (2010) and Badr (2011).
Figure 9 Examples of regional gridded parameters derived from
remote sensing observations for use in a data assimilation scheme
for a hydrological model to determine the hydrological states and
ﬂuxes relevant to water resources in the Middle East and North
Africa region (MENA). (Adapted from open literature on Land
Data Assimilation System (LDAS) for MENA region, conducted
by NASA GSFC: Drs. J. Bolten and M. Rodell).
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been in Numerical Weather Prediction (NWP) models. The
medium-range weather forecast in many countries relies heav-
ily on remote sensing data assimilation into weather models. A
comprehensive review of data assimilation for NWP can be
found in Daley (1991). Other applications have been developed
to support models of hydrology (e.g. ﬂash ﬂoods), climate (glo-
bal and regional), atmospheric chemistry, soil moisture, land
surface parameters, ocean wave, among other applications.
In addition to using satellite EO data to correct the model’s
output as described above, the data can be used directly to pro-
vide updated values of the ‘‘forcing’’ parameters in the model’s
differential equations. These parameters constitute a large set
of land, ocean and atmospheric parameters. Examples include:
1. Land parameters: terrain height, vegetation cover indices,
land use, surface temperature, albedo, runoff, IR emission,
etc.
2. Ocean parameters: sea surface temperature, surface wind,
wave height, ocean color, etc.
3. Atmospheric parameters: cloud height and top temperature,
temperature and humidity proﬁles, surface wind speed,
precipitation rate, aerosol types, size and optical depth,
etc.
Fig. 9 shows maps of three parameters, all derived from sa-
tellite EO data that are used in a data assimilation system
developed at NASA/Goddard Space Flight Center (GSFC)
under funding from the USAID Ofﬁce of Middle East
Programs (OMEP). The project’s title is Land Data Assimila-
tion System (LDAS) for the Middle East and North Africa
(MENA) region. The assimilated parameters are derived from
NASA satellite data. The shown parameters could be observed
state variables that should be used to correct the model’s out-
put or forcing parameters that have to be input to the model at
relevant time interval. In absence of any accurate information
those forcing parameters are usually assumed to be constant,
which can be a severe assumption.
Recent applications of EO data integration into geophysi-
cal models in Egypt include an operational weather prediction
model developed at the national Authority for remote Sensing
and Space Sciences (Kandil et al., 2006). Remote sensing
observations and derived parameters (e.g. Normalized Differ-
ence Vegetation Index (NDVI)) were used as initial and
boundary conditions as well as truth data to verify the model’s
results. Another application was developed using the Fifth-
Generation Pennsylvania State/NCAR Mesoscale Model
(known as MM5) to determine the seasonal temperature inver-
sion over Cairo (El-Kader et al., 2008). Elsayed (2007) used
integrated remote sensing data into a weather model to study
the impact of land use and land cover on local meteorological
conditions. It is recommended to expand on assimilating EO
data into geophysical models. That will make a wider use of
remote sensing expertise in several academic and operational
disciplines.8. Regional applications
Most of the EO data applications in the MENA region are na-
tional; i.e. focusing on issues related to national economic
growth. However, EO data are usually acquired over largeareas that extend beyond political borders. As the Canadian
astronaut Marc Garneau put it ‘‘Looking down from space
we see only the global context – no borders – just a continuum
of atmosphere, ocean and land’’. This is particularly true for
data obtained from medium and coarse resolution sensors (a
few tens of meters to a few kilometers of ground pixel size).
Moreover, large-scale geophysical phenomena usually cross
borders. Aerosol dispersion, sand storm paths, sea water state
and pollutants, and regional climatic impacts are examples of
geophysical phenomena that cover areas beyond political bor-
ders. For those reasons it is recommended to add regional con-
text to some of EO data applications in Egypt.
A relevant example would be using EO data to support
studies of climate change impact on the water in the Nile
Basin. Will the change result in more or less rain? Would the
surface topography lead to ﬂooding somewhere? Will an
increase of biomass emission along the Nile basin affect atmo-
spheric heating and cooling in the region? These and similar
questions can be addressed through regional applications of
EO data, especially by incorporating a modeling component.
Fig. 10 shows two image of the MENA region. The top im-
age shows the spectral albedo from MODIS and the bottom
Figure 10 Two images of the North Africa and Middle East region. The top shows the spectral albedo determined from MODIS and the
bottom is backscatter from the scatterometer onboard QuikSCAT. Note the contrasting radiometric values in the corresponding circles
areas.
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QuikSCAT. The images were produced using data acquired
over a 16-day period (April 7–22, 2002). These images high-
light the importance of a regional view of the data. First, the
albedo image shows how widely varied the terrain is across
the region. Darker surfaces represent low albedo from rocks,
volcano terrain and plant canopies. Brighter surfaces represent
high albedo from sand and other material. Albedo variation
from a regional image like this can be used to improve regional
weather forecast. Secondly, the combination of the two images
can be used to better identify the surface cover. This is evident
from the contrasting signatures in areas marked by the corre-
sponding circles (low albedo and high backscatter and vice ver-
sa). The extent of surface cover, which crosses political
borders, can be identiﬁed from these regional images.
Although some countries in the MENA region have started
to pursue collaboration on regional applications, it is recom-
mended to allocate more effort and resources to promote such
applications. This should also be reﬂected in collaborative pro-
grams and scientiﬁc products between members of the EO
communities in different countries.
9. Conclusions and recommendation
Research and applications of EO data are advancing in Egypt.
However, with the advent of new sensors and the increased
capabilities of data processing the EO community should con-
sider pursuing more research and additional applications to
further utilize the data. After all, investment in EO data sup-
ports better informed decisions, management of integrated re-
sources, and monitoring and forecasting environmental and
economic issues.
The following recommendations are suggested. More train-
ing and use of data from new sensors, namely multispectral,hyperspectral and radar imagery should be pursued. Sensors
that are dedicated to certain missions such as the European
SMOS (dedicated to measure soil moisture and ocean salinity)
should also be used at least on experimental basis. A national
EO data archive that encompasses data from as many sensors
over a long period should be established and made accessible
to a wide base of users. More attention must be paid to acquir-
ing and using calibrated radiometric data as opposed to grey
tone imagery data. The former is necessary for geophysical
parameter retrieval. A capability for atmospheric correction
is part of this requirement.
More research is needed to promote algorithm development
for surface and atmospheric parameter retrieval from EO data.
Parallel to this it is recommended to expand the use of re-
trieved parameters provided by EO space agencies in the form
of higher level products. Applications of EO data in Egypt
should be developed to address cross-cutting themes such as
hydrologic cycle, carbon cycle, and global warming. This re-
quires some applications to go out of the box of locally-driven
projects to making a contribution to the international effort of
using EO data to study the earth system. It is also recom-
mended to expand research and applications of EO data assim-
ilation into geophysical models. Finally, it is important to add
regional context to some of EO data applications in Egypt.Acknowledgments
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